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ABSTRACT
COVID-19 can affect the entire population, but it poses an increased
risk for particular population groups. Socioeconomic and
demographic factors, as well as long-term health conditions, can
make populations vulnerable to adverse health outcomes and
mortality related to COVID-19. This study uses geospatial
methods to visualise metrics of vulnerability to COVID-19 in New
Zealand. Based on Ministry of Health guidelines, nationwide data
on risk factors included age, ethnicity, population density,
socioeconomic deprivation, smoking, long-term health conditions
(cancer, cardiovascular conditions, diabetes, renal conditions, and
respiratory illnesses), and health service awareness. Data were
sourced from the Census (2018), the New Zealand Deprivation
Index (NZDep2018), and the National Minimum Dataset (2011–
2016). Factor analysis and bivariate mapping were used to
identify areas of high vulnerability. Results demonstrate the
unequal social and spatial vulnerabilities to COVID-19 across New
Zealand. While some major cities were highlighted many areas
also occurred outside of the major cities in smaller communities,
which also typically have less access to healthcare and fewer
resources. This study has generated data that may help mitigate
potential inequality in our response to the COVID-19 pandemic,
or indeed for future pandemics.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has infected tens of
millions of people around the globe (Lau et al. 2020). The resulting disease, named
COVID-19 (coronavirus disease 2019) by the World Health Organization (Sohrabi
et al. 2020), was declared a public health emergency of international concern in early
2020 (World Health Organization 2020) and is still ongoing. Compared to previous cor-
onavirus outbreaks such as SARS-CoV in 2002 and MERS-CoV in 2012, COVID-19 has
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spread at a much faster rate around the globe (Kamel Boulos and Geraghty 2020). Con-
sequently, governments have enforced a mixture of border shutdowns, travel restrictions,
social distancing, self-isolation, individual protective measures (face masks and increased
hand washing), advised against unnecessary travel, and banned congregations (Nicola
et al. 2020). New Zealand has been widely praised for its quick responses to COVID-
19 including early implementation and rapid escalation of national COVID-19 suppres-
sion strategies that involved closing its borders to non-nationals (only permanent resi-
dents and citizens are allowed entry) and implementing one of the strictest lockdowns
in the world (Jefferies et al. 2020; Ministry of Health 2020a).
Many long-term effects of the emergence of COVID-19 including social, economic
and health consequences remain unknown; however, recent evidence has suggested a sig-
nificant contraction (approximately 5%) in global GDP in 2020 (Stannard et al. 2020; The
World Bank 2020a). Such economic downturns may reverse years of progress toward
development goals, putting people back into extreme poverty (The World Bank
2020b). Other impacts include a reduced workforce across all economic sectors
(Nicola et al. 2020), disruption to routine healthcare and a reduction in prevention,
detection and management of conditions (Public Health England 2021), a decrease in
the need for manufactured products (Nicola et al. 2020), and an increase in the need
for medical supplies (Miller et al. 2020). The food sector is also facing increased
demand due to panic buying and stockpiling of food products (Aday and Aday 2020)
and there is some evidence that lockdown measures have increased rates of domestic vio-
lence (Bradbury-Jones and Isham 2020). While these are not exhaustive inevitably the
impact is, and will be, significant and the gravity of the longer-term effects of COVID-
19 are yet to be uncovered (Greenhalgh et al. 2020; National Institute for Health Research
2020).
Identifying vulnerable populations, meaning those that have a higher risk for adverse
health outcomes and mortality related to COVID-19 because of barriers to social, econ-
omic, political and environmental resources as well as limitations due to illness or disabil-
ity (National Collaborating Centre for Determinants of Health 2020), within specific
areas or regions can help to prioritise interventions. In this context, Geographic Infor-
mation Systems (GIS) can help monitor population movement, contact tracing across
space and time, and are proving indispensable for timely and effective epidemic monitor-
ing and response (Kamel Boulos and Geraghty 2020). GIS can also be used as a powerful
tool to map specific areas that have a high prevalence of, for instance, elderly people or
long-term health conditions alongside other risk factors such as deprivation. Such infor-
mation would be immensely valuable to policymakers wishing to provide effective
responses to any outbreak or indeed target resources to intervene. Despite this, to
date, little if any evidence has provided such data and findings at a nationwide level in
New Zealand.
The re-emergence of COVID-19 within New Zealand (Ministry of Health 2020b) and
worldwide highlights the need to better understand where vulnerable populations are
located and if there are areas of high vulnerability within New Zealand. Pandemics do
not affect all populations or individuals equally and many factors make populations vul-
nerable to adverse health outcomes including socioeconomic and demographic factors as
well as underlying medical conditions (Flanagan et al. 2018; Li et al. 2020; Williamson
et al. 2020; Yang et al. 2020). Previous studies and current data have documented
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inequality and inequity in previous pandemics (Gray et al. 2020), for instance within the
1918 Spanish influenza (Mamelund 2006; Murray et al. 2006) or more recently in the
2009 H1N1 influenza pandemic (Charu et al. 2011; Rutter et al. 2012). Inequalities in
COVID-19 infection and mortality rates are said to arise because of the syndemic of
COVID-19 (Bambra et al. 2020). Indeed, as outlined in New Zealand Ministry of
Health guidance, people at risk of severe illness from COVID-19 include older popu-
lations as well as populations with underlying medical conditions such as cardiovascular
conditions, diabetes, hypertension, and chronic obstructive pulmonary disease and com-
promised immunity (Ministry of Health 2020c). Other factors such as ethnicity, smoking,
pregnancy and obesity are also associated with deleterious outcomes of COVID-19 (Min-
istry of Health 2020c). This is concerning as there are known health inequities in care
(Hobbs et al. 2019) and access to healthcare (Bowie et al. 2013) in New Zealand as
well as health-related environmental exposures (Wiki et al. 2019). COVID-19 therefore
has the potential to interact with, and exacerbate, pre-existing health and social con-
ditions, which compound the effects of vulnerability based on known risk factors.
This study aims to develop measures of vulnerability for COVID-19 in New Zealand
by considering populations at higher risk of adverse health outcomes and mortality
related to COVID-19 and visualising this at a nationwide level. Identifying where
areas of high vulnerability are located allows for better targeting of resources and gener-
ates information that can mitigate potential inequality in our response to the COVID-19
pandemic or future pandemics as in the case of UK-based studies (Daras and Barr 2020;
Thomas and Gordon 2021).
Materials and methods
Based on New Zealand Ministry of Health guidance (Ministry of Health 2020c) this study
used the most recent nationwide data available on geographic boundaries (Section Geo-
graphical areas), demographic variables (Section Demographics), socioeconomic depri-
vation, long-term health conditions and health behaviours, and linguistic barriers and
health service awareness in order to understand population vulnerability in New
Zealand. The following sections introduce the data used (Sections Geographical areas,
Demographics, socioeconomic deprivation, Long-term health conditions and health
behaviours, Linguistic barriers and health service awareness) and describe the analysis
(Section Analysis).
Geographical areas
For all analyses, Statistical Area 2 (SA2) boundaries were used to define geographic areas,
reflecting communities that interact both socially and economically (Stats NZ 2018a);
usually with a shared road network, shared community facilities, shared historical or
social links, or socioeconomic similarity. SA2 boundaries vary in size and are the
second smallest geography at which census data is publicly available. There are 2171
SA2 areas based on boundaries that are clipped to the New Zealand coastline, with
SA2s in city council areas having a population range of 2000–4000 residents and SA2s
in smaller district council areas generally having a population between 1000–3000 resi-
dents. Some rural SA2s have fewer than 1000 residents due to sparse populations and
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large geographic areas (Stats NZ 2018a). Population size is based on the usual resident
population (2018) and inland water, inlets or oceanic areas represented by SA2s that con-
tained nil or nominal resident populations as well as the Chatham Islands were excluded
from this study, leaving a total of 2148 SA2s for further analyses.
Demographics
Demographic variables include population size and density, age, and ethnicity. Popu-
lation size is based on the usually resident population of each SA2, as outlined above,
and used to calculate population density as the number of people per square kilometre.
For the purpose of this study, age was defined as a binary variable; either below 65 years
of age or 65 and over (65+). This aligns with the Centers for Disease Control and Pre-
vention social vulnerability index (Flanagan et al. 2018; Pereira 2020) and New
Zealand Ministry of Health guidelines, which note that older people have a higher risk
of developing a severe illness from COVID-19, particularly if they have underlying
health conditions (Ministry of Health 2020c). In general, the risk increases with age
and is a particularly important factor in identifying vulnerable populations. Ethnicity,
based on broad category definitions (Stats NZ 2018b) is also included. This is an impor-
tant consideration as Māori and Pacific populations are likely to experience higher levels
of risk at an earlier age than European/Other ethnic groups (Plank et al. 2020). This is, in
part, because chronic health conditions and co-morbidities are often experienced at an
earlier age for these ethnic groups (Ministry of Health 2020c). All population groups
were sourced from the Census (2018). The count in each population group and the
usually resident population count were used to calculate the percentage of the above
population groups in each SA2 area.
Socioeconomic deprivation
Socioeconomic deprivation was based on the deprivation decile provided by the New
Zealand Deprivation Index (NZDep2018) (Atkinson et al. 2019). NZDep2018 combines
several variables from the 2018 census that reflect dimensions of material and social
deprivation (Atkinson et al. 2019). Specifically, these reflect a lack of income, employ-
ment, communication, support, qualifications, owned home, living space, and dry
living conditions. Importantly, this captures living conditions, as it measures bedroom
occupancy threshold i.e. overcrowding and damp/mould, which are known contributors
to a higher risk of COVID-19 mortality (Ministry of Health 2020c; Institute of Health
Equity 2021).
Long-term health conditions and health behaviours
Long-term health conditions (LTCs) were sourced from the National Minimum Dataset
(NMDS) for the period 2011–2016, supplied by the Ministry of Health. The NMDS is a
national collection of public and private hospital discharge information, including clini-
cal information, for inpatients and day patients with a valid National Health Index
number (Ministry of Health 2019). LTCs included in this study were cancer, cardiovas-
cular conditions, diabetes, renal conditions, and respiratory illnesses. Records were
4 J. WIKI ET AL.
selected from the NMDS if they contained a corresponding ICD-10 diagnosis code,
regardless of the diagnosis rank. Where multiple LTC diagnoses were recorded for a hos-
pitalisation (e.g. patient diagnosed with cancer and diabetes), these records were counted
as a single event. Of the 6,714,606 total NMDS records provided, 4,690,108 had no associ-
ated LTC code and 144,123 had no spatial reference. These were removed, leaving a
remainder of 1,880,375 records for analysis, which were then aggregated to SA2 areas.
These were standardised as a percentage of the total population for each SA2 area
based on the Census (2018) usually resident population. Regarding health behaviours,
data on regular smokers was sourced from the Census (2018). The count of regular
smokers (aged 15+ years) and the usually resident population (aged 15+ years) were
used to calculate the percentage of regular smokers in each SA2 area.
Linguistic barriers and health service awareness
Data on linguistic barriers and health service awareness was also included as linguistic
isolation may create an important barrier to healthcare literacy and access (Field 2000;
Pegasus Health 2013; de Moissac and Bowen 2019). Moreover, lower educational attain-
ment may be associated with lower service awareness and utilisation (Field 2000), and
both are factors that may make populations more vulnerable. Populations that are lin-
guistically isolated were used to represent populations with linguistic barriers. The
Census (2018) official language indicator was used to identify populations that are lin-
guistically isolated. The variable ‘Other languages only (neither Māori, English nor NZ
Sign Language)’ and the usually resident population count were used to calculate the
percentage of people in each SA2 area that are linguistically isolated. Populations
without a high-school qualification were used to represent populations that may have
limited service awareness (Field 2000). Data on the highest qualification was sourced
from the Census (2018), the number of people with ‘No Qualification’ and the
census usually resident population aged 15 years and over were used to calculate the




First, descriptive statistics were used to understand the range and distribution of all vari-
ables. Factor analysis was then used to group variables into a smaller number of factors,
which has the benefit of not only consolidating multiple variables into a fewer number of
factors for ease of interpretation but also indicates the relative importance of different
factors. It describes variability among observed, correlated variables and assumes that
total variance can be partitioned into common and unique variance. The result is a
reduction of multiple individual variables into fewer dimensions called factors. The
Kaiser–Meyer–Olkin Measure of Sampling Adequacy was used to indicate the pro-
portion of variance that may be caused by underlying factors, where a value of 0.6 is a
commonly suggested minimum. Additionally, Bartlett’s Test of Sphericity was used to
test whether the variables are unrelated and therefore not suitable for structure detection.
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Principal axis factoring was used for extraction, and when deciding upon the number
of factors for inclusion we follow the common understanding that only eigenvalues
greater than 1 are of importance (Griffith and Amrhein 1997) while also assessing the
scree plot. Varimax rotation (an orthogonal rotation) was then applied to estimate the
unique contribution of each factor and maximise the loading of a variable on one
factor while also minimising the loadings on all others. This helps to identify which
data variables are important for which factor, with scores greater than 0.4 considered
stable (Guadagnoli and Velicer 1988; Field 2013).
Kaiser Normalisation was used to obtain stability of solutions across samples, as com-
munalities are high across all items. Given that a factor is by nature unobserved, we gen-
erate plausible factor scores using the regression method in order to maximise validity
and enable mapping of factors. All analysis was conducted using R 3.6.3 (R Core
Team 2017) and SPSS version 26.
Spatial analysis
Bivariate mapping was then utilised to identify geographic areas of New Zealand that
have a high level of vulnerability based on differing combinations of variables (older
age alongside the factors outlined in the previous step). Bivariate mapping is a carto-
graphic visualisation technique that builds on univariate choropleth maps by simul-
taneously depicting two separate variables (Leonowicz 2006). This allows the reader
to see areas that have, for example, both high numbers of older populations and
high sociocultural barriers. In this regard, it has the potential to reveal geographic
phenomena more effectively by demonstrating the relationship between multiple
spatially distributed variables. As noted previously, older age (65+) is the key focus
of this study and given that it did not have a high loading coefficient for any of the
three factors considered, it was used as the primary variable in all analyses; secondary
variables include the factors resulting from factor analysis. These were grouped by
tertile – into three groups of similar size – to ensure that each class had a relatively
equal number of areas and results were comparable. These tertiles were combined to
form bivariate classifications (an example is shown in Figure 1). The spatial distribution
Figure 1. Bivariate categorisation of vulnerability.
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was then investigated by assigning each SA2 area a bivariate classification and display-




Within New Zealand, the population aged 65+ comprised 15.22% (n = 715,128) of the
usually resident population in 2018. European was the predominant ethnic group
(70.17%, n = 3,297,864), followed by Māori (16.51%, n = 775,836), Asian (15.06%, n =
707,598), Pacific Peoples (8.12%, n = 381,642), Middle Eastern/Latin American/African
(MELAA) (1.50%, n = 70,332), and Other ethnic groups (1.24%, n = 58,053). However,
it should be noted that one person can identify as belonging to multiple ethnic groups
in New Zealand.
Results for both the Kaiser–Meyer–Olkin Measure of Sampling Adequacy, with a
value of 0.749, and Bartlett’s Test of Sphericity, with a significance value of 0.000, indicate
that factor analysis is a suitable analytical method for the data. In deciding upon the
number of factors for inclusion, we follow the common understanding that only eigen-
values greater than 1 are of importance while also assessing the scree plot (Griffith and
Amrhein 1997). Table 1 indicates that there are four variables with eigenvalues greater
than 1, however, after examining the scree plot it is concluded that variable 4, although
having an eigenvalue of 1.006, will not be included in the further analysis as its contri-
bution to the total variance explained is negligible when compared to first three
factors. Therefore, three factors are retained which explain 70.38% of the total variance
(Table 1). Table 2 presents the rotated factor structure, with variables that have a high
loading (>0.4) highlighted in bold and the three factors labelled to reflect major variables
captured by each factor.
Factor 1 is identified as being a comprehensive indicator of health. It explains 28.38%
of the total variance and 40.80% of the variance explained by the three factors. It includes
Table 1. Eigenvalues from principal axis factoring.
Variable Eigenvalue % of variance Cumulative %
1 4.824 28.38 28.38
2 3.849 22.64 51.02
3 3.292 19.36 70.38
4 1.006 5.92 76.30
5 0.885 5.21 81.51
6 0.721 4.24 85.75
7 0.718 4.22 89.97
8 0.529 3.11 93.08
9 0.334 1.96 95.05
10 0.239 1.41 96.45
11 0.156 0.92 97.373
12 0.118 0.69 98.07
13 0.113 0.67 98.73
14 0.081 0.48 99.21
15 0.053 0.31 99.52
16 0.047 0.28 99.79
17 0.035 0.21 100.00
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the following five variables, listed in order of relative loadings: cardiovascular conditions,
respiratory illnesses, diabetes, cancer, and renal conditions. Factor 2 is identified as being
a comprehensive indicator of sociocultural factors. It explains 22.64% of the total var-
iance and 30.92% of the variance explained by the three factors. It includes the following
five variables, listed in order of relative loadings: Asian, populations that are linguistically
isolated, Middle Eastern/Latin American/African (MELAA) populations, population
density, and Pacific Peoples. Factor 3 is identified as being a comprehensive indicator
of socioeconomic factors. It explains 19.36% of the total variance and 28.28% of the var-
iance explained by the three factors. It includes the following four variables, listed in
order of relative loadings: regular smokers, deprivation, Māori, populations with no qua-
lification, and Pacific Peoples.
A notable point here is that the loading coefficient for the variables European, Other
ethnic groups, and populations aged 65+ are not significant contributors to any of the
three factors. Being of older age is outlined as one of the most significant factors for vul-
nerability to pandemics such as COVID-19, however (Ministry of Health 2020c). There-
fore, we proceed by mapping this against each of the three factors identified above in
order to visualise potentially vulnerable populations in New Zealand.
Nationwide population vulnerability
We use the New Zealand Ministry of Health guidelines (Ministry of Health 2020c) to
identify vulnerable populations based on people at-risk of severe illness. Nationwide
population vulnerability was mapped using those aged 65+ as the primary variable (as
old age is the most important factor contributing to COVID-19 infection and mortality
(Williamson et al. 2020)) in combination with (i) Factor 1 – health, (ii) Factor 2 – socio-
cultural, and (iii) Factor 3 – socioeconomic as secondary variables. Each variable was
grouped by tertile (tertile 1 being the lowest and tertile 3 being the highest).
Table 2. Rotated factor structure.
Health Sociocultural Socioeconomic
Deprivation (decile) 0.045 0.210 0.827
Cancer 0.945 −0.090 −0.037
Cardiovascular conditions 0.982 −0.050 −0.003
Diabetes 0.958 0.045 0.090
Renal conditions 0.911 0.015 0.083
Respiratory illness 0.967 0.048 0.130
Regular smoker 0.074 −0.056 0.938
European −0.094 −0.861 −0.404
Māori 0.024 −0.102 0.776
Pacific Peoples 0.052 0.490 0.410
Asian −0.028 0.837 −0.230
MELAAa −0.032 0.594 −0.215
Other ethnic groups −0.062 −0.214 −0.187
Aged 65+ 0.028 −0.466 −0.036
No qualification 0.030 −0.332 0.702
Linguistically isolated −0.001 0.831 −0.090
Population density −0.042 0.543 −0.041
% of total variance explained 28.38 22.64 19.36
% of variance explained by the 3 factors 40.80 30.92 28.28
Notes: Bold values indicate variables with a high loading (>0.4) on each factor and italicised values describe the percen-
tage of variance explained.
aMiddle Eastern/Latin American/African.
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The tertiles for each variable were then combined to form bivariate classifications
(Figure 1). As shown in Figure 1, the vulnerability of the area increases alongside the
hue and saturation of colour. For instance, the lightest areas (category 1) were classified
as being the lowest level of vulnerability and the darkest areas (category 9) the highest
level of vulnerability. Areas of moderate vulnerability are within category 5, in the
middle of the diamond (Figure 1). Category 4, to the far left of the diamond, indicates
areas that have a high level of vulnerability based on the secondary variable considered,
but not in terms of populations aged 65+ years. In contrast, category 6, on the far right of
the diamond, shows that vulnerability is high based on those aged 65+ years but not the
secondary variable. The remaining categories (2, 3, 7, and 8) demonstrate vulnerability
within these extremes, again with the level of vulnerability represented by hue and
saturation.
Table 3 shows the distribution of vulnerability based on the count of SA2 areas and the
percentage of the population, reflecting the bivariate classification of vulnerability. When
considering the count of areas within each vulnerability category, results show a relatively
even distribution for the socioeconomic factor. For the health factor, however, there is a
larger number of SA2 areas in categories 1 (low overall), 5 (moderate overall), and 9 (high
overall), with the largest number of SA2 areas in the most extreme categories (categories
1 and 9). In contrast, when considering the sociocultural factor the extreme categories
have the least areas and the largest concentration of SA2s is within categories 4, 5, and
6. This is largely reflected in the percentage of the population within each category for
each factor.
As shown in Figure 2 and Figure 3 there are notable spatial variations in vulnerability.
Otago, Tasman, Wellington particularly around Wairarapa, and the Coromandel area of
the Waikato region are shown to have a high vulnerability based on populations aged 65
+, as indicated in all three maps (Figure 2). Vulnerability based on the health factor is
generally higher in cities than rural areas with the exception of the Northland region
and pockets of high vulnerability in the East Cape of the North Island (around the
Bay of Plenty and Gisborne regions) and the central South Island. When considering
the combination of high vulnerability based on both populations aged 65+ and the
health factor, there are few areas of high vulnerability overall. These are primarily
located in cities and the Northland region, with additional pockets in the East Cape,
Table 3. Count of SA2 areas and percentage of the population in each bivariate vulnerability
category.a
Health Sociocultural Socioeconomic
SA2 (n) Population (%) SA2 (n) Population (%) SA2 (n) Population (%)
1 (Low overall) 335 14.66 87 2.44 244 12.6
2 182 10.68 172 7.49 212 10.36
3 249 9.37 272 9.38 270 13.32
4 (High independent) 201 11.16 459 26.57 262 13.54
5 (Moderate overall) 305 14.87 273 13.01 228 9.94
6 (High constant) 132 4.57 357 13.93 202 9.78
7 163 7.99 172 9.85 219 8.97
8 229 10.34 271 12.99 276 11.99
9 (High overall) 352 16.36 85 4.35 235 9.49
aAll categories include the population aged 65+ as the dependent variable and the factors listed along the column
headers as the independent variable.
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Coromandel, and Manawatū-Whanganui regions of the North Island and a few isolated
areas in the South Island (Figure 2).
Vulnerability based on the sociocultural factor is high in the East Cape region and
major cities of the North Island, particularly Auckland, as well as Southland and parts
of the West Coast and Christchurch city in the South Island (Figure 2). When consider-
ing the combination of high vulnerability based on both populations aged 65+ and the
sociocultural factor, there are notably few areas. There are pockets of high vulnerability
in the Coromandel and Northland regions; however, the largest concentration of high
vulnerability based on both of these factors is around central and north Auckland and
west Christchurch (Figure 3).
When considering the socioeconomic factor, results show an increase in areas that
are high in vulnerability particularly in Northland, the East Cape and central North
Island and the West Coast of the South Island (Figure 2). While some major cities
such as Wellington show few areas of high vulnerability based on this factor, others
such as South Auckland, Porirua and the east of Christchurch demonstrate areas of
high vulnerability (Figure 3). Vulnerability based on this factor in combination with
populations aged 65+ is shown to be high in the Northland, Coromandel and East
Cape regions of the North Island. There are also additional pockets of high vulner-
ability in rural areas of the South Island, largely the West Coast and Otago regions
(Figure 2). Interestingly, there were few areas of high vulnerability based on this com-
bination of factors in major cities (Figure 3).
Figure 2. Nationwide area-level vulnerability for adults aged 65+ years in New Zealand by health,
sociocultural, and socioeconomic factors.
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Discussion
This study aims to develop measures of vulnerability for COVID-19 in New Zealand by
considering populations at higher risk of adverse health outcomes and mortality, particu-
larly in regard to COVID-19. Specifically, it adds to evidence by investigating and visua-
lising vulnerability to health outbreaks, such as pandemics, in New Zealand based on a
range of known risk factors such as population density, age, ethnicity, deprivation,
health service awareness, health behaviours and long-term health conditions. Previous
research shows that the spatial differences in socioeconomic and demographic impacts
on health are important, with a wealth of evidence supporting this proposition in New
Zealand (Bowie et al. 2013). This is also particularly true for COVID-19, as international
evidence shows that the virus has potential to interact with, and exacerbate pre-existing
chronic health conditions (Sanyaolu et al. 2020; Ssentongo et al. 2020), and social con-
ditions (Baqui et al. 2020; Iacobucci 2020; Williamson et al. 2020). This compounds
the effects of vulnerability in terms of adverse health consequences in regard to
COVID-19 based on other known risk factors for pandemics such as COVID-19 includ-
ing older age or the presence of underlying health conditions. Such associations need to
Figure 3. Population vulnerability for adults aged 65+ years in Auckland, Wellington and Christchurch
by health, sociocultural, and socioeconomic factors.
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be considered with caution as much of the research in this field is based on emerging evi-
dence and lacks definitive conclusions based on high-quality longitudinal or experimen-
tal studies.
We used spatially aggregated data that represents communities rather than focusing
on individuals to demonstrate spatial variations in areas of high vulnerability. Identifying
where these areas are is crucial as it allows for better targeting of resources and generates
information that can mitigate potential inequality in government response. Such findings
also provide support for the idea of targeted protective measures and precautions that can
be effective locally.
New Zealand, similar to many other developed countries, is experiencing an ageing
population. This places increasing pressure on the health system, a situation potentially
aggravated during epidemic and pandemic states. As older age is also one of the most
significant predictors of COVID-19 deaths, especially when combined with other socio-
economic and cultural factors (Williamson et al. 2020), this study focused on the popu-
lation aged 65+ in combination with health and sociodemographic characteristics of the
population highlighted with New Zealand Ministry of Health guidance (Ministry of
Health 2020c) in order to understand area-level vulnerability.
Results demonstrate that vulnerability based on the health factor in combination with
populations aged 65+ is generally higher in cities than rural areas with the exception of
the Northland region. This may be due to higher demand for healthcare in cities, result-
ing from larger populations (Oladipo 2014). Vulnerability based on the sociocultural
factor and populations aged 65+ is high in areas such as the East Cape region and
major cities of the North Island, influenced by significant proportions of ethnic min-
orities in these areas. Being a bi-cultural country with an indigenous Māori population
and mix of ethnicities living in both population centres and outside of them, adds to
the complexities of defining what vulnerable populations are and where they reside.
This is important, as such differences have previously been shown to have implications
for health inequity and health outcomes in New Zealand (Hefford et al. 2005; Hobbs et al.
2019; Wiki et al. 2020; Marek et al. 2020a). The largest concentration of high vulnerability
based on the combination of this factor and populations aged 65+ is around central and
north Auckland and west Christchurch. This is likely influenced by the Asian ethnic
group, which was shown to have a high loading on this factor and have high population
numbers in these areas.
There was a significant increase in areas of high vulnerability based on the socioeco-
nomic factor particularly in rural areas of the North Island, South Auckland and the east
of Christchurch. This is reflective of increased deprivation, negative health behaviours
such as smoking, larger Māori populations and lower service awareness in these areas,
all variables that were shown to load highly on this factor and can significantly
influence health outcomes. There were notably few areas of high vulnerability based
on this combination of factors in major cities demonstrating that vulnerability based
on this combination of factors may be more influential in rural areas of New Zealand,
particularly those with large Māori populations. This is an unexpected pattern compared
to common findings that study the overall population and often identify worse health and
well-being outcomes in urban settings (Bowie et al. 2013). Such findings may be due to
higher concentrations of younger populations living in socioeconomically deprived areas
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of cities compared to deprived rural areas, which is in line with the Ministry of Health
guidelines (Ministry of Health 2020c) where young people are not considered vulnerable.
There has been other preliminary work that models vulnerability to COVID-19, par-
ticularly within the UK. Daras and Barr (2020) focused on the creation of index that
describes an increase in risk related to the population vulnerability while Thomas and
Gordon (2021) utilised machine learning in order to classify vulnerability Our research
in this study is distinct from other research worldwide given the bivariate approach and
uniqueness of the New Zealand context. Importantly, New Zealand has a bi-cultural
context, low population density and is geographically isolated. These factors are particu-
larly important as New Zealand is often compared with other OECD countries, or
western European nations, with distinct social and physical geographies.
This study confirms important distinctions in vulnerability measures based on health,
sociocultural and socioeconomic factors. It demonstrates that many areas of high vulner-
ability, particularly when considering combinations of older populations and popu-
lations with socioeconomic barriers, are outside of the major cities and in smaller
communities of New Zealand, which typically have less access to healthcare and fewer
resources (Fearnley et al. 2016; Health and Disability System Review 2019) and also
attract less attention (Marek et al. 2020b). This finding is also in line with international
research suggesting COVID-19 can potentially affect smaller communities more than
urban areas (Peters 2020; Ribeiro et al. 2020), even though population density can
affect the timing of outbreaks through higher connectedness of denser location
(Carozzi et al. 2020). Interestingly, this offers some support for the actions taken by
some local communities who, recognising their vulnerability, implemented protective
measures (additional to nationwide lockdown) such as road barriers, to protect their
populations (Groenstein and Mitchell 2020; Johnsen 2020; O’Connor 2020).
This is the first study that uses geospatial analysis to develop a nationwide vulner-
ability metric (in the health context) for New Zealand. It identified areas of high vulner-
ability where populations may be at greater risk of adverse health outcomes, particularly
COVID-19, using comprehensive nationwide data on sociodemographic characteristics,
socioeconomic status, health outcomes and behaviours, and health service awareness
from several robust contemporary sources. It also combines this data to investigate vul-
nerability, providing a more nuanced understanding than considering isolated datasets
and variables. Despite this, the results of this study should be interpreted with consider-
ation of its limitations. Firstly, as this study is of cross-sectional design and ecological in
nature it can only provide a limited measure of vulnerability at a given time period and
may be prone to issues of ecological fallacy as a result of spatial aggregation. This is
because our data are presented at area-level, so no association between risk factors and
COVID-19 at the individual level can be inferred and no causal association is sought.
Aggregating data for visualisation also means that some information may be lost
through grouping and categorisation; however, this is necessary to ensure that the
results are understandable to a wide audience. In addition, many variables in this
study were analysed in terms of relative rather than absolute numbers. This demonstrates
areas with a higher proportion of vulnerable populations however it may also be appro-
priate in many cases to focus on areas with a high absolute number of people at-risk.
Future research should consider the implications of this carefully and may gain value
from including variable weightings. Finally, vulnerability itself can be understood in
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many ways and may mean different things to different people. We only capture some
aspects of what being vulnerable means due to data availability and more work is
needed to examine how different population groups interpret the understanding of this.
Overall, the current study is intended to be exploratory in nature, aiding in the detec-
tion of broad spatial patterns and associations. Further assessment of vulnerability,
specific populations and mobility patterns among other compositional and societal
norms through detailed longitudinal or experimental studies are needed to fully under-
stand the relationships discussed within this study. Despite these limitations, spatial
intelligence is a useful tool for policy makers and those who need geographically
specific information and data to target disease management and resource allocation. It
can be argued that there is utility in this type of research, as results can guide health-
focused policy responses to areas where interventions are likely to be needed. Our
results will be of interest to policy makers due to the multi-dimensional description of
vulnerability and visualisation of areas that have high vulnerability, an important con-
sideration in the overall policy response.
Conclusions
Currently, COVID-19 disproportionately affects particular population groups including
older people and those with compromised health among other factors. While these popu-
lations are at greater risk of adverse health outcomes and mortality from COVID-19,
there are also known health inequities in care and access across New Zealand, particularly
for ethnic minorities and those living in socioeconomically deprived areas. This study
visualised metrics of vulnerability to adverse health outcomes, such as COVID-19, in
New Zealand using geospatial tools for modelling, analysis and presentation of spatial
data. Through mapping, it identified areas that may experience disproportionately nega-
tive impacts of disease outbreaks based on age, underlying health conditions, sociocul-
tural factors, socioeconomic factors, and a combination of these. Identifying where
these areas of high vulnerability are located allows for better targeting of resources and
generates information that can mitigate potential inequality in our response to the
COVID-19 pandemic, or indeed for future pandemics.
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